Social trading platforms (STPs) are transparent online markets governed by a scopic regime, where order flow is publicly disclosed and participants are subject to constant reciprocal scrutiny. Participants on STPs can be categorized into trade leaders and copiers, where the former execute unique trades and manage the funds allocated to them by the latter in return for compensation. Given limited individual capacity and the competition to attract copiers, we investigate whether the scopic regime produces excess and perpetual conformism among trade leaders. Using data from a popular STP, and from an anonymous traditional foreign exchange broker, we show that the scopic regime produces excess levels of herding. Under the scopic environment, we find that herding is high when market information is scarce, which is evidence of herding due to informational cascades. We find herding to be relatively low among risk-seeking trade leaders, which may be a sign of overconfidence. Herding is high for larger trades, suggesting that traders herd to avoid the disappointment associated with underperforming on large positions. Finally, we show that herding in the scopic environment persists at much higher levels compared to traditional environments. Our findings indicate that exposure to a scopic information-rich environment augments the limitations and personal biases of individual traders, thus producing excess and perpetual herding.
Introduction
A common phenomenon that has been documented in behavioral finance literature is that individuals have a tendency to herd, thus accumulating on the same side of the market.
Herding behavior occurs when investors make the same decisions, either by intentionally mimicking others' investment strategies, or unintentionally as a result of acting on common information. While the latter type of herding is seen as a result of efficient markets, intentional herding has the potential to increase volatility and destabilize markets (Hirshleifer and Hong Teoh, 2003) . This is due to the fact that individual investors who follow the crowd, also referred to as noise traders, have the capacity to affect asset prices since their correlated actions are systematic (Barber et al., 2009) . In recent years, the notion of herding has been capitalized on by many brokerage firms, and incorporated into online trading, thus resulting in a new trading environment known as social trading.
Social trading is a novel concept that combines online trading with the tools provided by social media platforms, the result of which is a highly transparent trading marketplace known as a social trading platform (STP), where traders come together to communicate, collaborate on research tasks and trading strategies, and even explicitly copy each others' trading activities in real-time using a mirror trading algorithm. This environment requires complete disclosure from participants regarding their real-time portfolio holdings and historical trading activities. Hence, STPs are governed by what is known as a "scopic regime", a novel concept introduced in the field of social finance, which designates a state of permanent reciprocal observation and scrutiny (Knorr Cetina, 2003) . We adopt this term in an interdisciplinary fashion in order to distinguish the trading environment on STPs from the traditional trading environments. Participants in a scopic environment do not observe each other directly but can see the outcome of each other's actions through the order flow.
Consequently, participants are judged based on their actions, and are cognitively positioned in a hierarchy of status levels. One manifestation of this concept is the categorization of STP participants into two main groups: trade leaders and copiers, where the former presumably includes experienced traders of a superior status who manage the funds allocated to them by the latter in return for monetary compensation. Trade leaders compete to attract potential copiers by signaling their status as leaders, which is attained by executing original trades. In other words, entering unique trades into the STP signifies that the trader is knowledgeable, skilled, and confident enough not to resort to explicit copying. Copiers can simply click a button to copy a single trade or all future trades of a certain trade leader, and do not need to intervene except for terminating this copying relationship. Moreover, copiers can diversify their investments across multiple trade leaders with different trading styles in aim of decreasing their overall portfolio volatility. It is important to note that the copier still has the authority to modify the terms of a copied trade, such as adding a stop-loss level, in which case the trade is still considered to be copied. It follows that a trade is considered to be unique (i.e. not explicitly copied) only in the case where it has been personally entered by a trader into the trading platform. Moreover, the relationship between trade leaders and copiers is largely informal, as there are no official sanctions should a trade leader go rogue, deviate from his advertised strategy, or lose his copiers' money.
STPs are based on the notion of complete disclosure of order flow data, which can be particularly valuable to traders in the foreign exchange market, where studies have shown that private order flow data of both retail investors Nolte, 2012, 2016) and institutional investors (Marsh and O'Rourke, 2005; Lyons, 2001; Goodhart, 1988; Lyons, 1997) contains significant genuine information that can be used to forecast exchange rates.
1 The importance of having easy access to detailed order flow information for financial decision making is further accentuated by the fact that there are infrequent announcements of fundamental data by central banks, and erratic global economic and political events that stimulate foreign exchange markets in a random way. Hence, given the fast-paced environment of electronic trading, the limited capacity of individual traders to analyze the entire asset universe available to them (Barber and Odean, 2008; Odean, 1999) , the ease of access to (what was once privileged) detailed order flow data, and the aspiration to jump-start a career as a money manager -with virtually no setup costs or penalties should things go awry -to earn performance compensation, traders may be highly tempted to avoid conducting their own analysis and making trading decisions, and simply imitate others. This can be achieved by personally entering orders similar to those of other trade leaders after they are publicly disclosed on the STP. Consequently, we expect that the competition to attract copiers in the scopic environment would augment the limitations and personal biases of trade leaders, thus producing excess and perpetual localized herding as traders continuously rely on public order flow as a steady source of information.
Nevertheless, under traditional financial theory, the efficient market hypothesis -even in its weakest form -postulates that given an environment with high information transparency, asset prices should reflect all publicly disclosed information (Fama, 1998) . Hence, despite the fact that STPs facilitate the imitation of past trading activities, herding behavior should erode (especially in the long term), as the information contained in publicly disclosed order flow data would already be incorporated into prices. Moreover, individual retail traders in the foreign exchange market are not expected to possess superior private (fundamental)
information. Hence, rational trade leaders would realize this and abstain from herding with each other.
Given the lack of research on this novel phenomenon, we aim to investigate whether the scopic regime augments the limitations and biases of individual traders, thus inducing higher localized levels of and persistence in herding compared to those found in traditional trading environments. To the best of our knowledge, this is the first paper to investigate herding behavior of 1) traders in a scopic environment, and 2) traders in the foreign exchange markets at the individual level in a traditional trading environment. We use two unique proprietary data sets: the first is obtained from a popular STP, which we call SocialEx that is governed by a scopic environment and includes over 2.6 million transactions executed by 77,476 trade leaders during 2013, and the second from a traditional online foreign exchange broker, which we call TradEx, and includes around 6.9 million transactions executed by 22,545 retail traders between 2011 and 2013. Since most trades on SocialEx are in currencies, and thus the results would not be directly comparable to the literature, which focuses on equity traders, we use TradEx as a control group in order to highlight the impact of the scopic environment on herding behavior. Data limitations do not allow us to examine and compare comparable subgroups of traders on the two trading platforms. Nevertheless, given the global popularity of SocialEx, and the lack of literature on retail foreign exchange traders suggesting variations in herding behavior arising from different demographic populations, we work on the assumption that traders on both platforms come from similar demographic distributions. In other words, traders on the two platforms are assumed to inherently have similar propensities towards herding; thus any difference in herding levels between the two platforms can be attributed to the effect of the trading environment. We adopt several herding measures and techniques, including those developed by Lakonishok et al. (1992) (LSV henceforth), Frey et al. (2014) (FHW henceforth), Merli and Roger (2013) , Sias (2004) , and Barber et al. (2009) in order to estimate herding among traders in the different trading environments. We conduct the analyses using quarterly, monthly, weekly, and daily data frequencies.
In general, we find that the overall level of herding under the scopic regime on SocialEx is significantly higher compared to the results obtained for traders on TradEx and in other traditional trading environments. Furthermore, we estimate herding for different sub-samples based on trading intensity, leverage, and trade size. First, we find that herding among trade leaders is relatively high when market information is scarce, and that this phenomenon is absent among traders on TradEx. This suggests that the scopic environment encourages traders to seek information from the trades of others in securities that have less market information, resulting in herding due to informational cascades (Bikhchandani et al., 1992) .
Second, we find herding to be relatively low among risk-seeking trade leaders, which is in line with the literature that risk takers are overconfident in their own decisions. Third,
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we show that herding increases as investment size increases, and that this gradually occurs over time as individuals apprehend the disappointment associated with underperforming on large positions, thus increasing the likelihood of following the general consensus. In addition, trade leaders use small-sized trades in an experimental fashion to mimic potentially profitable strategies of others. Finally, we find that herding in the scopic environment persists across several time periods at much higher levels, and fades away much slower compared to herding in traditional environments. This shows the added herding impact that the scopic regime produces given the limitations and biases of individual investors to analyze many assets in a highly dynamic environment. In summary, all our findings suggest that the excess perpetual herding produced by the scopic environment is intentional. However, further research is required on the predictive power of publicly disclosed order flow data in order to determine whether the excess herding under a scopic regime is rational or simply driven by behavioral biases.
Our findings call attention to several implications within the locale of scopic trading environments. From a macro perspective, as STPs increase in popularity and the number of traders choosing to herd grows, asset prices would deviate from their fundamental value and trades would become increasingly correlated, resulting in heightened market volatility.
Moreover, the high degree of conformity on STPs can have serious consequences for copiers who diversify their investments across trade leaders, since it results in higher correlation among trading strategies, which in turn diminishes the volatility-reduction benefits obtained from diversification.
The remainder of this paper is organized as follows. Section 2 covers the theoretical and empirical literature on herding behavior. Section 3 presents the herding measures and techniques used. In section 4, we present the two data sets along with key descriptive statistics. Section 5 is dedicated to the discussion of the results. The final section recaps the findings and highlights some of the implications arising from herding on STPs.
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Literature Review
To the best of our knowledge, this is the first paper to examine herding behavior in a social trading context, and compare it to herding among individual foreign exchange traders in a traditional financial setting. Given the lack of relevant literature in these two areas, we refer to some of the most popular theoretical and empirical studies conducted on institutional as well as individual equity investors in a traditional environment.
Theoretical Literature
Recent finance theory differentiates between intentional, and unintentional or spurious herding; however, such a task is very difficult to do in practice. Intentional herding is driven by sentiment and entails the explicit imitation of the activities of others, which may lead to inefficient markets where prices fail to reflect fundamental information, in addition to increased volatility and destabilization of markets (Hirshleifer and Hong Teoh, 2003) . Nonetheless, several researchers have proposed theories and models portraying intentional herding as a rational behavior. For instance, models on informational herding are based on the notion that reliable market information is scarce. The possibility that some investors are more knowledgeable about the market may motivate a less informed investor to try and infer information from past or even current trades of others, leading to informational cascades (Bikhchandani et al., 1992; Welch, 1992) . Another branch of literature rationalizes intentional herding as a consequence of institutional schemes such as reputation and compensation. For example, Maug and Naik (2011) find that remuneration packages may give fund managers an incentive to herd, especially when the amount of compensation received is based on performance relative to a benchmark. Similarly, Scharfstein and Stein (1990) and Dasgupta and Prat (2008) examine the relationship between reputation and herding, and show that managers would sacrifice the potential to generate high returns as a trade-off against not tarnishing their reputation due to relative underperformance. Finally, a third reason why intentional herding may arise is due to weak market regulation or concentrated ownership (Borensztein and Gelos, 2003; Viet et al., 2008; Oehler et al., 2008) .
On the other hand, unintentional herding is mainly caused by investors acting on the same or highly correlated information, which may be due to common behavioral biases, leading them to arrive at similar trading decisions (Hirshleifer et al., 1994) . Barber et al. (2009) conduct a study on individual investors and argue that coordinated trading is primarily driven by three behavioral factors. The first is representativeness heuristics, where investors with similar beliefs about an asset's performance persistence are likely to trade the same asset. This argument echoes the work of Tversky and Kahneman (1974) and De Bondt (1993) , who argue that investors tend to make decisions where they expect the distribution of a small sample or short time series to be representative of that of the population. Moreover, Falkenstein (1996) argues that managers may share a preference towards assets with specific risk or liquidity characteristics. The second factor is investor attention, whereby individual investors do not have the capacity to analyze all assets available to them for investment, and may simply focus on the ones that are currently in the news spotlight or have caught their attention (Barber and Odean, 2008; Odean, 1999) . Finally, the third factor is the disposition effect, where investors tend to avoid the regret related to selling losing investments, thus sell winning ones instead. As such, herding arises when investors sell an asset that has recently increased in value. Overall, we can identify two main categories of explanatory factors that induce herding behavior: institutional, and cognitive-psychological.
Empirical Literature
Measuring herding behavior can be difficult in practice (Bellando, 2012) . Nonetheless, LSV presented a simple statistic to empirically estimate correlated trading among investors, which has since become a standard measure of herd behavior. The LSV measure analyzes the aggregate buying pressure on a specific asset for a group of traders over a period of time.
LSV apply their measure to U.S. equity pension fund managers and find an overall mean Similarly, Graham (1999) and Wermers (1999) use more recent samples of U.S. mutual funds and report slightly higher herding levels. In contrast to the U.S. market, researchers have estimated herding to be higher in emerging markets and several European markets such as in
Germany (Walter and Moritz Weber, 2006; Frey et al., 2014; Kremer and Nautz, 2013) , the U.K. (Wylie, 2005) , France (Arouri et al., 2013) , Poland (Voronkova and Bohl, 2005) , and
Portugal (Lobao and Serra, 2007) . The higher level of herding in these markets is attributed to the stage of development of the financial system (Walter and Moritz Weber, 2006; Oehler et al., 2008) , ambiguous information (Lobao and Serra, 2007) , highly concentrated stock ownership (Viet et al., 2008) , or weak market regulation (Borensztein and Gelos, 2003) .
While the evidence in the literature shows that herding varies across countries and exchanges (Griffin et al., 2003) , Gebka and Wohar (2013) find that it is virtually non-existent when studied at the international level. LSV state that in the market as a whole, one cannot detect herding since there is an equal number of assets bought and sold. Hence, herding can only be examined within subgroups of investors.
For instance, LSV and Voronkova and Bohl (2005) find more pronounced herding in small-cap stocks. Since market capitalization is often used as a proxy for the amount and quality of information available, higher herding levels in small-cap stocks is interpreted as evidence of intentional herding when information is scarce. This finding is in line with the theory of information availability discussed by Wermers (1999) , whereby investors are more likely to herd in situations where there is very little market information. Opposing evidence is presented by FHW, who use both the LSV measure as well as their proposed herding measure, and find a decreasing relationship as well as below average herding levels for smaller stocks based on the LSV measure. However, they find that the number of fund managers active in a stock is positively related to market capitalization. Consequently, one should expect higher herding estimates for larger stocks due to the lower bias. The FHW measure, on the other hand, shows a u-shaped relationship with a higher level of herding for the smallest stocks. The study by Merli and Roger (2013) on individual investors also shows evidence of higher herding levels for large market capitalization stocks; however, this result
is not obtained for all quarterly periods and is not robust when using the FHW measure.
Several studies examine herding behavior in relation to trading intensity by progressively increasing the minimum threshold for the number of transactions in each asset. For instance, Grinblatt et al. (1995) , Wylie (2005) , Merli and Roger (2013) , and FHW report stronger evidence of herding in sub-samples with a high trading intensity. On the other hand, Wermers (1999) finds little variation in the level of herding across the different thresholds for trading intensity. The author shows that herding decreases to just over 3% as trading intensity increases to more than 50 funds, and notes that the highest trading activity is found in large-cap stocks, which exhibit lower levels of herding. As such, the author argues that increasing the minimum threshold of trade intensity implicitly changes the sample to larger and more liquid stocks, which may overshadow any increase in herding that might arise from a larger number of funds active in the stocks.
Another branch of literature focuses on herding behavior among individual investors.
Using daily transactions of more than 37,000 individual investors at a German discount broker from 1998 to 2000, Dorn et al. (2008) report a mean LSV estimate of 8.3%. The authors argue that the high level of herding appears to be primarily driven by correlated speculative motives. Moreover, a study performed by Barber et al. (2009) 
Methodology
The LSV Herding Measure
The LSV measure (HLSV henceforth) estimates herding, which occurs when the proportion of traders in a given asset trading in the same direction (buying or selling) is greater than the proportion of traders in the entire asset universe that are in that direction under the null hypothesis that trading decisions are independent. The HLSV measure can be expressed as:
11 where π i,t = b i,t /n i,t is the buy proportion of traders, such that b i,t is the number of traders buying, and n i,t is the total number of active traders in security i during period t. The
is the average proportion of traders buying relative to the total number of active traders in the entire asset universe I in period t, which is also the expected probability of being a buyer under the null hypothesis of no herding. Since the first term on the right in Equation (1) will be positive even under the null hypothesis (due to the stochastic nature of trades), the second term, AF i,t , is an adjustment factor that corrects for this expected dispersion. The adjustment factor allows for random variation aroundπ t under the null hypothesis of independent trading decisions, and is the expected value of the left-hand term in Equation (1), when the number of buyersb i,t is binomially distributed with probabilityπ t and n i,t independent draws. The overall degree of herding behavior is measured by averaging HLSV i,t across all security-periods, i, t. A positive and significant HLSV measure indicates the existence of herding behavior.
The HLSV measure has been criticized by many academics in the literature because it suffers from several drawbacks. First, FHW and Bellando (2012) demonstrate that under the alternative hypothesis of herding, the HLSV measure has a positive value in expectations, resulting in a downward bias relative to the true herding measure that increases with the level of herding. However, these two studies show that the bias decreases as the number of active traders in the asset during the period increases. While ignoring the adjustment factor in the HLSV measure would overstate the true herding level, including it results in an over-correction of the excess dispersion, leading to a downward bias. To overcome this issue, FHW propose an alternative measure of herding behavior, which they claim is an unbiased and consistent estimate of the true level of herding. Second, the HLSV measure does not allow us to identify intertemporal changes in herding behavior. While we are able to study how investors herd in a given security over time, this measure does not permit us to examine whether it is the same individuals that continue to herd in that asset. Merli and Roger (2013) propose an alternative herding measure, called the Investor Herding Measure, which examines herding at the individual level. Finally, Bikhchandani and Sharma (2000) argue that the LSV measure captures both intentional and unintentional herding. Differentiating between these two types of herding behavior is crucial since the latter is an expected product of an efficient market, while the former has the potential of increasing volatility and destabilizing markets. As such, Sias (2004) presents a dynamic approach that differentiates between traders who follow their own trades, and traders who follow the trades of others, which he argues is the true herding behavior of individuals. In what follows, we present these alternative herding measures.
The FHW Herding Measure
FHW propose an alternative measure (labeled HFHW henceforth), which they argue is a consistent estimate of the true herding level. The rationale behind this measure is similar to that of the HLSV, in the sense that it calculates the excess dispersion of trades on either side of the market (buy or sell). The HFHW measure can be written as:
whereπ t is the average proportion of traders buying relative to the total number of active traders in the entire asset universe I in period t. In addition, b i,t is the number of traders buying and n i,t is the total number of active traders in security i during period t, such that π i,t is the proportion of buyers.
The H 2 measure is averaged across securities and periods to obtain an estimate of the overall herding behavior. Let the set of all security-periods i, t be denoted by A. It follows that the aggregated measure of herding can be written as:
In order to make the aggregated herding measure comparable to the HLSV, the square root of the overall herding value is taken as follows:
While HLSV is biased under the alternative hypothesis of herding, but performs well under the null hypothesis, the opposite is true for HFHW. FHW argue that given a small number of traders n, HFHW would exhibit a downward bias which stems from the nonlinearity of taking the square root of the unbiased estimator H 2 .
One criticism of the HFHW measure is that it is only unbiased in the particular environment considered by the authors, whereπ = 0.5. Bellando (2012) argues that when the probability of no herding is not null, HFHW exhibits an upward bias, which arises when aggregating the H 2 measure across all security-periods. While it is practically impossible to compute the true herding level, the author shows that this value is bounded by the lower HLSV estimate and the upper HFHW estimate.
The Investor Herding Measure (IHM)
The HLSV and HFHW measures estimate herding at the security level, thus only allowing us to study how traders herd in a certain security during a period of time. Thus, these measures do not indicate whether it is the same individuals who are herding within the same security. Merli and Roger (2013) address this by introducing an alternative measure called the Investor Herding Measure (IHM), which only considers herding for the securities traded by the trader.
Similar to Grinblatt et al. (1995) and Wermers (1999) , we differentiate between buy herding (π i,t >π t ) and sell herding (π i,t <π t ), and write the signed HLSV measure as:
Given Equation (5) When the trader trades only one asset, estimating herding behavior is relatively simple.
For instance, a trader who trades only one security will have a herding value equal to the SLSV estimate of that security if the position is a buy, and to -SLSV if the position is a sell.
Once a trader becomes active in multiple assets, measuring herding behavior becomes much more complex. Merli and Roger (2013) propose weighing the herding value in a security by the size of the trade, and the sum of the weighted herding measure is subsequently divided by the sum of the trades of the trader during the period. The IHM can be written as:
where P i,t is the average price at which security i is bought or sold over the period [t, t−1], and the term (n i,j,t − n i,j,t−1 )P i,t is the average value of the trades in security i. The denominator in Equation (6) is the sum of the values of all trades made by trader j during the period.
A positive IHM means that the trader exhibits herding behavior, while a negative value suggests anti-herding behavior.
The Sias Herding Measure
HLSV and HFHW are static measures that estimate contemporaneous herding within the same time period. Sias (2004) proposed a dynamic approach that examines whether a trader's tendency to buy an asset persists over time. The Sias measure is based on the standardized buyer ratio, which is expressed as:
where σ(π i,t ) is the cross-sectional standard deviation of the buyer ratios across i securities during time t. The Sias herding measure, which we denote by SIAS f ull , is estimated by computing the correlation between the standardized buyer ratios in two consecutive periods.
This can be done by estimating a cross-sectional regression for each period t as:
and then calculating the time-series average of the β coefficients. A high buyer ratio typically suggests a high HLSV estimate; however, it does not necessarily imply a high SIAS f ull estimate, since the latter depends on the buyer ratio at the subsequent trading day.
Furthermore, Sias (2004) differentiates between individuals who follow their own trades, SIAS own , and individuals who follow the trades of others, SIAS other . The author argues that the latter captures the true herding behavior of individuals. Formally, the Sias measure can be decomposed into these two components:
where N i,t is the number of traders trading security i during time t, and I is the number of securities traded. D n,i,t is a binary variable that takes the value of one if trader n is a net buyer in security i during time t, and zero otherwise. D m,i,t−1 is a binary variable that takes the value of one if trader m, where m = n, is a net buyer during time t − 1.
Thus, the first component in Equation (9) represents the portion of the cross-sectional intertemporal correlation that stems from traders following their own strategies due to buying or selling the same security over two consecutive trading periods. The second component in the equation represents the portion of the correlation that arises due to traders following the trades of others in a previous adjacent period. Sias (2004) argues that a positive correlation that results from traders following others can be interpreted as evidence of informational cascades.
Testing for Persistence in Herding
In our final analysis, we adopt an approach similar to that applied by Barber et al. (2009) to test whether traders' decisions are correlated across different trading periods. We examine the persistence in herding such that persistence exists if the autocorrelation of purchase intensities π i,t is high. In other words, a high (low) purchase intensity in asset i at time t is followed by a high (low) purchase intensity in future periods.
To conduct this analysis, we divide the data set into two equally sized random groups of traders, labeled G 1 and G 2 , respectively. For each of the two groups, we calculate the purchase intensities for every asset during each period t, which are denoted by π Next, we measure the degree of persistence in herding behavior by calculating the correlations between the purchase intensities at time t and t + τ -due to space limitations we only report the results where τ = 1 → 11 for monthly periods, and τ = 1 → 40 for weekly and daily periods. Recall that the contemporaneous correlations to test the null hypothesis of no herding are obtained by setting τ = 0. When τ > 0, then the degree of persistence in herding behavior is computed. For example, by setting τ = 1, the correlation between the purchase intensities between period t and the consecutive period t + 1 is computed. This calculation is repeated with different values for τ , and is conducted on each of the two random groups of traders, separately. Moreover, this calculation is also applied to both groups together, such that we compute the correlations between the purchase intensities of the first group of traders G 1 at time t, and those of the second group G 2 at time t + τ .
Data
We use two unique proprietary data sets where the first is obtained from a popular STP, which we call SocialEx, and the second from a traditional online retail foreign exchange broker, which we call TradEx.
The data limitations in this paper do not allow us to identify and examine comparable subgroups of traders on the two platforms. However, given the global popularity of SocialEx, and the lack of literature on retail foreign exchange traders suggesting potential differences in herding behavior due to demographic characteristics, we work on the assumption that traders on both platforms come from similar demographic distributions. Consequently, traders on both platforms are assumed to inherently have similar propensities towards herding. This implies that the variation in herding levels between the two platforms can be attributed to the effect of the trading environment. Moreover, we are unable to thoroughly investigate the relation between herding and trader performance, such as return on investment, due to the lack of information on trader balances in our data sets. To illustrate, a profit of one unit for a trader with a balance of 10 units equals a return of 10%, whereas the same amount of profit for a trader with a balance of 100 units translates into a return of 1%. We highlight this data limitation as a potential opportunity for future research.
SocialEx Data
The first data set is obtained from SocialEx, one of the largest and most popular STPs, and A CFD is an electronic contract between a trader and a broker (the CFD provider), whereby the trader forgoes physical ownership of the underlying asset for a contract with the broker that provides the same economic exposure (Norman, 2009) . CFDs are essentially derivative instruments that allow traders to gain exposure and speculate on the direction of the underlying asset, without the need of ownership. These contracts are traded on margin, thus permitting highly leveraged positions. The STP records the details of each CFD transaction, including the opening and closing prices, the amount bought or sold, the leverage used, the direction, as well as the time-stamp of each trade. Since this study is focused on the herding behavior among trade leaders, we apply a strict criterion where we only select traders whose transactions were all personally entered into the STP during 2013 (i.e. those who did not explicitly copy others using mirror trading).
2 It is important to note that many traders can have a mix of personal as well as explicitly copied trades; however, these traders are not considered to be trade leaders but rather copiers who reserve a portion of their capital for personal trading. Executing only personal trades signals potential superior status, confidence, and skill, whereby the trade leader is seen by copiers as a unique and autonomous entity with the ability to add value.
The final sample encompasses over 2.6 million transactions executed by 77,476 trade leaders. These transactions can be categorized according to the asset traded as follows:
currencies constitute the majority with 83.14% of transactions, whereas commodities, indices, and stocks make up 11.21%, 3.6% and 2.05%, respectively. Moreover, we calculate several trading characteristics, which are first averaged across all transactions for each trade leader, and then averaged across all trade leaders. These statistics are presented in Table 1 34, which is much lower than that of the entire sample of participants -the average for the entire sample is 207 -, indicating that trade leaders account for trading costs when optimizing their strategies. Finally, we find that trade leaders trade in around three to four different assets, which suggests that they tend to be specialized in specific assets.
TradEx Data
The second data set is obtained from a foreign exchange broker, which we call TradEx, and includes more than 6.9 million transactions in 22 currency pairs, executed by 22,545 retail traders between January 2011 and September 2013. TradEx does not offer participants any social trading features, and does not allow the explicit copying of trades, hence we consider all trades to be unique. We calculate several trader characteristics, which are presented in Table 2 . On average, 47% of a trader's positions on the TradEx platform are buys, which is around 20% less compared to trade leaders on SocialEx. This suggests that traders on TradEx adopt more short selling strategies. The average trade duration on TradEx is around 1.19 days, which is considerably less than the duration of trades on SocialEx. This suggests that many traders on TradEx are day traders who minimize their exposure to overnight fluctuations in prices. We find that the average number of annual trades is 111, which is almost three times the figure for trade leaders on SocialEx. Given that traders on TradEx are day traders, the higher trade frequency suggests that these individuals seek to exploit intraday price trends.
Finally, we find that traders on TradEx trade in an average of 6 different currency pairs.
This number is slightly higher than that of trade leaders on SocialEx, and suggests that traders on TradEx have a wider scope when searching for trading opportunities to exploit.
Results
In order to test whether the scopic regime governing STPs leads to excess herding, we use the two data sets, SocialEx and TradEx, and estimate herding behavior using the measures presented earlier for quarterly (Q), monthly (M), weekly (W), as well as daily (D) periods.
Overall Herding
For SocialEx, the results presented in Table 3 The evidence we present clearly indicates that herding behavior among trade leaders on the STP is much higher compared to herding in a traditional trading environment. While part of this herding behavior may be driven by factors that affect traders on both platforms equally, such as common reactions to news announcements, the excess herding can be attributed to the effect of the scopic environment.
Herding and Trading Intensity
We re-estimate the herding measures using sub-samples of the two data sets that are chosen by applying various thresholds to the minimum number of traders in each security. A higher minimum threshold implies greater trading intensity and liquidity in the sub-sample. Table 3 shows the results for SocialEx. We find an inverse relationship between herding and the number of traders active in the security, where both the HLSV and HFHW estimates decrease as the number of traders active in a security increases for all frequencies. A similar relation is found for the Sias measures, while the IHM measure shows rather constant herding levels across the thresholds. Our results are similar to the evidence presented by Wermers (1999) , and may be explained by the theory of information availability and informational cascades (Bikhchandani et al., 1992; Welch, 1992 12.4%, and 11.2%, for Q, M, W, and D frequencies, respectively. As a consequence, the high herding levels found in less liquid securities can be attributed to lack of sufficient market information.
The results for the TradEx data set are reported in Table 4 , and show that the HLSV and HFHW estimates are low and constant for all trading intensity thresholds, and across all frequencies. Regarding the IHM, we also report constant estimates across all thresholds for Q, M, and W frequencies. As for the daily frequency, we report decreasing estimates as trading intensity increases, which is evidence of herding due to informational cascades resulting from the low amount of information that is available during the very short daily time frame. We find that the SIAS f ull estimates are relatively constant across all thresholds for Q and M periods, and have no or weak significance for W and D periods. However, when
we analyze the components of the Sias measure separately, we find statistical significance and constant estimates across all thresholds and frequencies, which is in line with the results of the other measures.
To summarize, herding behavior among trade leaders on SocialEx is higher compared to the results for traders on TradEx for all trading intensities and frequencies. This supports our earlier finding that the scopic environment encourages herding behavior. Moreover, we find that herding in the sub-samples that include assets with low trading intensities (i.e. less liquid assets) is higher only in the SocialEx data set, while this variation is largely lacking in the TradEx data. This suggests that, when trading illiquid assets where information is scarce, traders under the scopic regime try to seek information from the trades of others.
Given that order flow is publicly disclosed in a scopic environment, this entices individuals to herd, which can be interpreted as evidence of intentional herding driven by informational cascades.
Herding and Leverage
The second relationship that we examine is between herding and the degree of leverage used by trade leaders, which is an indication of their risk appetite. This analysis is only conducted on the SocialEx data set since the SocialEx platform allows traders to select their desired leverage ratio, while TradEx imposes a 200 to 1 leverage for all trades. We estimate the herding measures for the different leverage subgroups and present the results in Table 5 .
The results for the HLSV, HFHW, and IHM measures show a concave relationship between the degree of leverage and herding. In particular, highly risk-averse traders such as those with leverage ratios of 2 to 1 and 5 to 1 exhibit relatively lower herding levels compared to less risk-averse traders (or medium risk takers with leverage ratios between 10 to 1 and 50 to 1). One possible reason for this result is the scarcity of observations in the lowest leverage subgroups. The last two columns of Table 5 , specifically for the leverage ratios 2 to 1 and 5 to 1, show that the number of security-periods and the average number of trades are relatively low compared to the figures shown for other leverage ratios. As a consequence, FHW show using Monte Carlo simulation that, unless the number of trades in a security-period is extremely large, then the HLSV and HFHW measures -as well as the IHM, which is based on the signed HLSV measure -will be biased downward. Another behavioral explanation for this low level of herding is that these trades can be seen as experimental, where trade leaders try out new strategies without taking on too much risk. We could not compute the Sias measures for the 2 to 1 leverage subgroup due to lack of sufficient adjacent observations when estimating Equation (8). As for the 5 to 1 leverage subgroup, we find significant results for the quarterly and monthly frequencies; however the low number of observations renders these results equivocal.
With respect to herding behavior of risk-seeking trade leaders (leverage ratios of 100 to 1, 200 to 1, and 400 to 1), the results show that herding levels are lower than those of their medium-risk counterparts when we examine the HLSV, HFHW, and IHM measures.
The results obtained for the Sias measures are mixed, with low frequency periods (Q and M) showing higher herding for risk-seeking traders, while high frequency periods (W and D) showing lower herding. However, the overall relation is that traders with higher leverage ratios tend to herd less. This phenomenon is well documented in the literature by studies such as Scharfstein and Stein (1990) and Gümbel (2005) , who find that fund managers who are likely to herd are more risk averse than non-herding managers. The idea is that overconfident traders take on more risk because they tend to underestimate risk and overestimate the conditional expected return from their trading strategies (Odean, 1998; Hirshleifer and Luo, 2001 ). Analogously, it follows that high risk takers are overconfident in their trading skills and strategies, hence they tend to herd less (De Long et al., 1990 , 1991 Hirshleifer and Luo, 2001 ).
Being risk-prone and overconfident does not necessarily mean that one is more knowledgeable. Highly leveraged trades can be seen as "black swan" trades, which are executed by traders who have a particularly high level of confidence and tolerance for volatility. This can deter other trade leaders from herding, since they would suffer great financial losses and taint their reputation in case the black swan trade goes sour. The safest herding strategy to preserve status as a trade leader would be to stand in the middle of the risk spectrum, and imitate moderately risky trades where a loss will not have a detrimental impact on reputation. In addition, allowing highly leveraged traders to fly solo would work to one's advantage when their trades accrue losses, as this thins out the competition among trade leaders.
Herding and Trade Size
The third analysis examines the variation in herding depending on trade size. Many studies on hedge funds and mutual funds have shown that as fund managers mature and grow their assets under management, they are more likely to herd because they have more to lose in terms of compensation (Boyson, 2010; Graham, 1999; Scharfstein and Stein, 1990) . Following this reasoning, we argue that traders with larger positions are likely to herd more in order to avoid the disappointment of underperforming their peers.
To test this, we first divide the two data sets into quintiles based on trade size, where quintile 1 encompasses the trades with the largest trade sizes while quintile 5 contains the smallest trades, and we estimate the herding measures for each quintile.
The results for SocialEx are presented in Table 6 . For quintiles 1 to 4, we show that the quarterly and monthly HLSV and HFHW estimates are higher for larger sized trades.
These results are consistent with our argument that the larger a trader's investment, the more he has to lose, and the more he is likely to herd. The estimates for the weekly and daily frequencies show relatively constant herding levels for these quintiles. One explanation for the lack of variation in herding levels across quintiles for the higher frequencies (W and D)
is that traders may perform well and increase their wealth and future trade sizes in a short time period, but may take a longer amount of time to fathom the potential disappointment associated with poor performance on large trades. As such, these traders will not exhibit high With respect to the smallest trade size quintile, herding is estimated to be relatively high for all herding measures. This may be attributed to trade leader sophistication. Our argument draws from the conclusion of Doering et al. (2015) who find significant correlations between social trading returns and almost all the hedge fund trading strategies they consider, indicating that trade leaders may be adopting sophisticated strategies. Hence, we argue that herding behavior for the smallest trade size quintile may be interpreted as follows: a trader invests a small portion of their wealth to buy an option that allows them to mimic the trades of others. Similar to a financial option, the downside risk is limited to the trader's small investment, while there is unlimited upside potential. This option allows the trader to either continue herding and increase their exposure to the other trader if the copied strategy performs well, or to simply cut their losses in case the strategy performs poorly.
Nevertheless, further analysis is required in order to understand the relationship between trader sophistication and trade size.
Regarding TradEx, the results reported in find mostly significant estimates that are relatively constant across the quintiles -with the exception of a high quarterly estimate of 68.8% for quintile 5. Nevertheless, the dominating evidence suggests that herding is higher for larger trades.
Persistence in Herding
We present the contemporaneous and time-series correlations of purchase intensities for SocialEx and TradEx in Table 8 and The remaining rows of Table 8 and Table 9 (i.e. where τ > 0) show the correlations between the purchase intensities at time t and t + τ for SocialEx and TradEx, respectively. period, but rather do so continuously across long time lags, which is made possible given the publicly disclosed order flow data on the STP. This finding challenges traditional financial theory since it shows that individuals under a scopic environment look at past information and trading activity as far back as one year when making trading decisions. One explanation for this phenomenon is that the excess herding produced by the scopic environment is stimulated by the limitations and biases of individual traders to analyze a large number of assets in a highly dynamic environment. Hence, these individuals may simply opt to imitate the consensus of the majority even across long time lags. While this persistence can be considered as intentional perpetual herding, further research is necessary to investigate whether order flow data may still contain genuine predictive power, despite it being publicly disclosed on the platform. Such an analysis would allow us to determine whether the autoregressive pattern in herding behavior is rational.
Conclusion
Does a scopic, information-rich environment augment the limitations and personal biases of individual traders, thus producing excess and perpetual herding levels that are higher than those found in traditional trading environments? Using data from a popular STP, which we call SocialEx, that is governed by a scopic regime and mandates high information transparency regarding order flow, and another data set from an anonymous online foreign exchange broker, we show that the scopic environment produces excess levels of herding over and above those found in traditional trading environments. Moreover, we show that herding among trade leaders on the STP is high when market information is scarce, and that this heightened level of herding is absent among traders on TradEx. This indicates that the scopic environment encourages individuals to seek information from the activities of others when market information regarding an asset is limited, which may be interpreted as evidence of intentional herding due to informational cascades. We find herding to be relatively low among risk-seeking trade leaders, which supports the notion that risk-seekers tend to be overconfident in their own abilities, thus herd less. In addition, high-risk strategies tend to deter others from following suit. As such, the scopic regime encourages herding mostly in the middle of the risk spectrum, where traders understand that there is a modest trade-off between maintaining status quo as leaders and avoiding large losses. Our results also show that traders who have more to lose are more likely to herd as they fathom the disappointment associated with underperforming on large positions. Moreover, herding is high for the smallest sized trades in the scopic environment, which may be due to trade leaders using very small portions of their capital as an option to try and emulate potentially profitable trades. Finally, we show that herding in the scopic environment persists across several time horizons at much higher levels, and fades away much slower compared to herding in traditional environments.
Our findings challenge traditional financial theory since we show that exposure to more information leads to increased local levels of and persistence in herding behavior. This means that trade leaders base their trading decisions in large part on the current and historical trading activities of others. We argue that the scopic environment augments the biases and limited capacity of individual retail traders to analyze many assets and make quick decisions in a highly dynamic environment, consequently prompting traders to imitate the actions of others irrespective of how dated they are. Hence, the information-rich scopic environment stimulates a conformist attitude towards trading, whereby individuals easily mimic the trading activities of others. The motivation to adopt this attitude is further boosted by the compensation schemes offered to traders who manage the capital of copiers.
As a consequence, traders choose to herd continuously in order to avoid underperforming their peers and tarnishing their reputation. While our findings suggest that the excess and perpetual herding generated by the scopic environment is intentional, further research on the information content of publicly disclosed order flow data is necessary to investigate whether this behavior is rational. The data limitations in this paper do not allow us to investigate herding in relation to trader performance and demographics. Hence, future research can provide refined insight into whether trade leaders are more likely to herd with those who have performed well in the past, or those who belong to a specific demographic group.
For instance, researchers can investigate whether traders who herd in a scopic environment exhibit the hot hand fallacy, whereby they expect past performance of experts to be positively correlated with future performance in a market that is typically characterized by a random walk (Huber et al., 2010) . Such an analysis could show whether individuals tend to herd with those who they deem to be informed, and whether mimicking their future trades would generate superior risk-adjusted returns.
The high level of and persistence in herding behavior among trade leaders on STPs unveils several implications. First, from a macroeconomic perspective, it has been argued that intentional herding increases market volatility due to the high correlation among trades (Hirshleifer and Hong Teoh, 2003; Barber et al., 2009 ). This issue may quickly materialize as STPs become more popular among retail traders, while regulators remain largely absent 32 from monitoring these platforms and setting pre-emptive protocols to protect naïve investors.
Second, with respect to copiers who wish to diversify across multiple trade leaders, the benefits of diversification are greatly diminished in the presence of herding. This is because trade leaders who herd are essentially trading the same assets in the same direction and at the same time. Hence, copiers should proceed with caution and take into account herding behavior when selecting the trade leaders they wish to allocate their funds to. Third, STPs offer performance compensation programs to trade leaders based on the number of copiers they attract or on their actual trading performance. While trade leaders who are authentically skilled should be compensated for their efforts and added value, others who simply herd should not be compensated similarly, since this may drive truly skilled traders to exit the social trading network. Finally, while our study focuses on retail traders who are predominantly active in the foreign exchange market, our findings can be extrapolated to other financial markets as well as institutional traders, such as hedge funds, who are under constant pressure to disclose their holdings and strategies so that investors have greater transparency regarding their investments. Investors may enjoy having a clearer picture of how their money is invested; however, this comes at the cost of increased herding among hedge funds, curtailed authentic research and lower potential returns. The first row of the table (τ = 0) presents the monthly, weekly, and daily mean contemporaneous correlations in percent of the purchase intensities of two random groups of traders, G 1 and G 2 . The other rows show the monthly, weekly, and daily mean temporal correlations in percent of purchase intensities in period t with the purchase intensities in period t + τ . The t-statistics are calculated based on the mean and standard deviation of the correlations. For τ = 11 the t-statisitcs for the monthly correlations of each group with itself cannot be computed due to the lack of degrees of freedom.
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Correlation of π i,t between months t and t + τ
t-statistics
Correlation of π i,t between weeks t and t + τ
Correlation of π i,t between days t and t + τ Table 9 : Mean Contemporaneous and Time-Series Correlations of Purchase Intensities of Traders on TradEx. The first row of the table (τ = 0) presents the monthly, weekly, and daily mean contemporaneous correlations in percent of the purchase intensities of two random groups of traders, G 1 and G 2 . The other rows show the monthly, weekly, and daily mean temporal correlations in percent of purchase intensities in period t with the purchase intensities in period t + τ . The t-statistics are calculated based on the mean and standard deviation of the correlations.
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